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Abstract 
The purpose of the current paper is to situate PSM techniques within an educational context via 
an applied example of learning community outcomes assessment. At our institution, a select 
number of incoming first-year students participate in major-specific learning communities. 
Because the decision to join the communities is purely voluntary, one might expect that students 
who elect to join the program may differ from those who do not. Thus, important covariates 
related to self-selection into the learning community were identified. Two years of Arts learning 
community data were analyzed to compare the academic performance and civic-mindedness of 
learning community students to an arts major comparison group of students using both 
traditional approaches (e.g., mean comparisons) and propensity score matching. Learning 
community students and Arts majors did not differ on the outcomes. Although groups did not 
differ, this study was a thorough evaluation that accounted for numerous variables believed to be 
related to self-selection into the learning community. 
 Keywords: Propensity score matching, higher education, assessment, learning community 
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Birds of a feather learn together: Learning community outcomes assessment using 
propensity score matching 
When assessing the impact of higher education, researchers or assessment practitioners 
may be tempted to make causal claims about student learning associated with programs 
(Kember, 2003; Kuh, Jankowski, Ikenberry & Kinzie, 2014). However, the implementation of 
true randomized experimental designs within the higher education context is fraught with 
logistical constraints, such as self-selection into university classes and co-curricular programs 
(Kember, 2003). Thus, because students who self-select into programs may systematically vary 
from those who do not, educational researchers must confront threats to internal validity when 
making causal claims about the effectiveness of their programs (Shadish, Cook, & Campbell, 
2002). For example, if a residence life director wants to examine whether students enrolled in a 
learning community exhibit stronger academic outcomes than students not enrolled in the 
community, the director needs to consider what characteristics may be related to students’ 
decision to participate.  
Selection bias resulting from self-selection into a university program or intervention can 
lead to systematic differences in baseline characteristics (e.g., levels of motivation, aptitude or 
some other personal characteristic) when comparing those program participants with non-
participants (Winship & Mare, 1992). In the learning community example, students’ self-
selection into the learning communities may be a function of interest in the program or their 
personal dispositions. Consequently, if the self-selection bias is not taken into account, it can 
limit the accuracy of inferences about the program’s efficacy. Specifically, students who choose 
to participate in a program may differ qualitatively from students who choose not to participate 
in that program. Moreover, when the qualitative difference is related to the outcome, inaccurate 
inferences about the efficacy of a program may be drawn. In the current study, we explore one 
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method of for self-selection – propensity score matching – within the context of a learning 
community. 
Learning Community Benefits  
Learning communities have been a part of the higher education landscape for nearly a 
century (Strassen, 2003). There are various types of learning communities; however, all involve 
a group of students who not only live in the same residence hall, but also participate in courses 
and activities together. It is theorized that learning community participation improves students’ 
educational careers through an environment of constant learning that combines in-class and out-
of-class experiences (Inkelas & Weisman, 2003). To this end, studies have found that students 
enrolled in learning communities were more likely to experience an easy transition to college 
(Inkelas, Gaver, Vogt, & Brown, 2007), be retained at their institution (Muldoon & MacDonald, 
2009), be engaged in their universities (Pike, Kuh, & McCormick, 2011), and see more 
intellectual development (Inkelas & Soldner, 2011) than students not enrolled in learning 
communities. 
Despite support for positive outcomes, however, many learning community studies to 
date have not addressed the issue of self-selection (e.g., Inkelas, Vogt, Longerbeam, Owen, & 
Johnson, 2006; Zhao & Kuh, 2004). As is often the case when studying the efficacy of programs 
in which participation is voluntary, factors related to self-selection may unduly influence results. 
For example, some research has indicated that students enrolled in learning communities had 
higher GPAs than students not enrolled in learning communities (Strassen, 2003). However, it 
may actually be that the characteristics that led students to participate in the learning community 
(perhaps maturity, a sense of responsibility, or a drive to succeed) were also characteristics that 
led to their high GPA. Thus, an important research question for those interested in the impact of 
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learning communities involves what outcomes students gain from participation independent of 
selection effects. To answer this question, educational researchers must consider techniques, 
such as propensity score matching, that allow them to address the self-selection bias that is 
inherent in quasi-experimental research designs (Shadish et al., 2002).  
A propensity score is a balancing score used to create a matched comparison group that is 
qualitatively similar to the intervention group on researcher-identified variables related to self-
selection (aka “covariates”; Austin, 2011; Stuart & Rubin, 2008). One typical approach for 
creating propensity scores is via logistic regression, in which students’ probability for 
participation (typically, intervention participation = 1 and non-participation = 0) is predicted, 
given the researcher-selected set of covariates. Stated another way, the propensity score is the 
predicted probability that a person will participate in an intervention given the set of covariates 
(Luellen, Shadish, & Clark, 2005). Students with the same distribution of covariates will have 
the same propensity score, regardless of whether or not they participated in the 
intervention/program (Austin, 2011; Caliendo & Kopeinig, 2005; Ho, Imai, King, & Stuart, 
2007; Stuart, 2010).  
Because the propensity score accounts for baseline characteristics related to self-
selection, it affords researchers the ability to partially control for self-selection bias (Rosenbaum 
& Rubin, 1983; Rosenbaum & Rubin, 1984). Moreover, if all of the underlying reasons and 
motivations for students’ self-selected participation were known, selection bias could be 
accounted for (Steyer, Gabler, von Davier, & Nachtigall, 2000). However, because all of the 
factors associated with students’ decisions to participate in a university program will never be 
known to the researcher, it is not possible to assert that the bias associated with self-selection has 
been totally accounted for. Nonetheless, eliminating some selection bias is arguably better than 
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eliminating none of it. Thus, it behooves educational researchers to carefully consider variables 
that are potentially related to self-selection into interventions. These variables can then be used 
as covariates in propensity score matching. 
The Current Study 
The current study illustrates the utility of using propensity score matching to address self-
selection into a learning community at one university. Specifically, we examined the impact of 
learning community participation on two outcomes: GPA and civic-mindedness. Prior to 
examining group mean differences on the outcome, however, we conducted several pre-
processing steps that took into account several covariates believed to be related to self-selection 
into the learning community.  
The Arts learning community. The learning communities at the university in the 
present study are major/career-based – that is, the communities are designed for students 
interested in pursuing certain majors or careers. The largest learning community is the Arts 
learning community, which consists of students interested in the visual and performing arts (e.g., 
theater, dance, music, digital art, etc.). Arts learning community participants live together in a 
residence hall equipped with a performance stage, music practice rooms, and a display space for 
visual arts. They meet regularly in a learning community-only class, in which they discuss topics 
such as what it means to be an artist in society and how to integrate various artistic mediums into 
a creative whole. Arts learning community students are required to attend performances or 
showcases of art outside of their own artistic domain, and often participate in arts-related 
activities in the local community at large. Because of the distinctiveness of the Arts learning 
community from the other communities at the university, as well as its large size, we chose to 
focus on Arts as the learning community of interest. Thus, the treatment (aka “intervention” or 
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“program”) variable on which we based the propensity score matches was Arts learning 
community participation vs. non-participation. 
Outcomes. Outcomes of interest to the Arts learning community are grade point average 
(GPA) and civic-mindedness. In particular, the stated mission of all learning communities at the 
university is to help students grow academically, and the Office of Residence Life uses GPA as 
an outcome in their learning community assessment. Additionally, research has indicated that 
learning community participation is positively related to GPA (e.g., Strassen, 2003). Although 
many factors affect GPA and it thus cannot be considered an entirely valid measure of learning 
and/or academic success, it was chosen in the current study in the absence of other available 
academic success measures. Civic-mindedness is defined as an individual’s attitude towards 
becoming involved in his or her community (Bringle & Steinberg, 2010; Hatcher, 2008). 
Specifically, the Arts learning community learning objectives address students’ community 
service and engagement. It would thus be expected that Arts learning community participants 
would exhibit higher levels of civic-mindedness than non-participants. 
Covariates. Recall that covariates should be related to both the outcomes of interest and 
self-selection. When identifying covariates related to self-selection, educational researchers may 
want to consider characteristics related to self-selection into the program/intervention, or pre-
existing characteristics related to the outcome of interest. Admittedly, researchers may not 
always have data on these variables. Moreover, because data on covariates should be collected 
prior to the intervention, it may not always be feasible to collect data on these variables from 
both participants and non-participants.  
At the institution in which the current study was conducted, we were fortunate to have 
archival data on several noncognitive variables that were potentially related to self-selection into 
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the learning community, or related to students’ academic performance (GPA) and civic-
mindedness. Therefore, in addition to several demographic variables, we selected several non-
cognitive variables to serve as covariates – academic entitlement and the Big Five personality 
variables. Academic entitlement refers to students’ beliefs that they deserve good grades and 
special treatment just because they are enrolled in school. Specifically, there is empirical support 
for a positive relationship between academic entitlement and academic work-avoidance, and a 
negative relationship between academic entitlement and mastery-approach goal orientation and 
effort (Kopp, Zinn, Finney, & Jurich, 2011).  
In addition to academic entitlement, we considered the Big Five personality traits of 
openness, conscientiousness, extraversion, agreeableness, and neuroticism. Studies have 
indicated that the Big Five personality traits are related to outcomes, such as job performance 
(Barrick & Mount, 1991), emotional attachment styles (Shaver & Brennan, 1992), and academic 
achievement (Trapmann, Hell, Hirn, & Schuler, 2007). Because of the relationship between the 
Big Five personality traits and diverse areas of psychological and academic functioning, they 
were also chosen as covariates in the current study.  
In addition to academic entitlement and the Big Five personality traits, we also 
considered major as a self-selection variable. Because the Arts learning community is major-
based, it follows that Arts participants would logically be more similar to other Arts majors in 
the general student population than non-Arts majors. More specifically, because a large majority 
of Arts learning community students have declared Arts as a major prior to enrolling in the 
learning community, it is not appropriate to compare the Arts learning community participants to 
a non-Arts comparison group. Doing so introduces a confound. That is, given that students’ 
major (Arts) systematically varies with the independent variable, Arts learning community 
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participation, it would be impossible to disentangle any effects due to being an Arts major from 
learning community participation. Therefore, prior to conducting propensity score matching, we 
removed all non-arts majors from the sample. This left us with a sample of Arts learning 
community participants, and non-participants who were arts majors. In essence, we were exact 
matching on major (i.e., arts).  
 Our research question was whether Arts learning community participants differ from 
non-participants on GPA and civic-mindedness. That is, do we reach different conclusions/make 
different inferences regarding the outcomes (i.e., civic-mindedness & GPA) depending whether 
we compare Arts learning community participants to the entire pool of arts majors versus a 
propensity score matched comparison group of arts majors? In addition, because universities – 
including our own – do not always account for major, we also included a comparison between 
the Arts learning community students and the general population of students. Do conclusions 
based on groups created from propensity score matching methods differ from conclusions based 
on groups created via traditional non-matched methods?  
Methods 
Participants  
Participants in the current study were enrolled in a mid-sized public university in the mid-
Atlantic U.S. Participants completed a battery of cognitive and noncognitive assessments at two 
time points – during orientation to the university, and again when they had completed between 
45-70 credits. We looked at data from two cohorts for this study – students enrolled as first-year 
students during the 2012-2013 academic year, and students enrolled as first-year students during 
the 2013-2014 academic year. 
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Learning community students (i.e., participants). Learning community students were 
103 first-semester undergraduate students enrolled in the Arts learning community in the fall 
semester of 2012, and 124 first-semester undergraduates enrolled in the Arts learning community 
in the fall semester of 2013. In fall 2012, there were a higher number of females (67%) than 
males in learning community, and a high percentage of students in learning communities 
identified as White (81.6%). This was also true in fall 2013 (64.5% female, 82.3% White). The 
average age of learning community students in fall of 2012 was 18.39 (SD = 0.38) and in the fall 
of 2013 was 18.38 (SD = 0.36). 
Non-learning community students (i.e., non-participants). Non-participants were 303 
first-semester undergraduate arts majors also attending the same university in the fall semester of 
2012, and 207 attending in fall 2013. Similar to the learning community sample of students, there 
were a higher number of females (73.9%) than males and a high percentage of students who 
identified as White (91.1%) in fall 2012, and also in fall 2013 (63.8% female, 91.3% White). The 
average age of participants in fall of 2012 was 18.41 (SD = 0.37) and in the fall of 2013 was 
18.42 (SD = 0.34). 
Non-learning community general student population. The general student population 
included 3,554 first-semester undergraduate students also attending the same university in the 
fall semester of 2012, and 3,372 attending in fall 2013. Similar to the learning community 
sample of students, there were a higher number of females (60.9%) than males and a high 
percentage of students who identified as White (87.6%) in fall 2012, and also in fall 2013 (61.6% 
female, 87.6% White). The average age of participants in fall of 2012 was 18.43 (SD = 0.36) and 
in the fall of 2013 was 18.43 (SD = 0.41). 
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Procedure 
Data were collected during two low-stakes assessment testing days. Testing is completed 
during a university-wide class-exempt day, in which students complete multiple cognitive and 
attitudinal measures for university assessment purposes. For the current study, for both the 2012 
and 2013 cohorts, the students were tested as incoming first-year students when beginning their 
fall semester (2012 and 2013, respectively), and again in the spring semester when midway 
through their sophomore year (2014 and 2015, respectively). The covariate measures were 
collected during the first testing day (fall 2012 and 2013, respectively). The outcome measures 
were collected during the second testing day (spring 2014 and 2015, respectively). 
Covariate Measures  
 In order to avoid researcher bias, covariates were selected prior to comparing group 
means on the outcome variables. Covariates included demographic variables, SAT Math scores, 
SAT Verbal scores, an academic entitlement measure, and measures of personality traits.  
 Demographic variables. Gender was dummy-coded as 0 (female) and 1 (male). 
Ethnicity was dummy-coded (using 0 and 1) for each of the self-identified ethnicity 
classifications as separate variables including “White,” “Hispanic,” “Native American,” “Pacific 
Islander,” “African American,” “Asian,” and “Not Specified.” Also, note that the ethnicity 
groupings are not mutually-exclusive. For example, someone could self-identify as both “White” 
and as “Pacific Islander.” See Table 1 for a full ethnicity breakdown. 
Standardized test scores. Standardized test scores were predominantly SAT Math and 
SAT Verbal scores because of the geographic location of the institution. Possible SAT Math and 
Verbal scores range from 200-800. If students had data on ACT scores rather than SAT scores, 
the ACT-SAT Concordance was used to convert ACT scores to the SAT scale (ACT, 2008).  
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Academic entitlement. The Academic Entitlement Scale (Kopp et al., 2011) was chosen 
to measure academic entitlement. Academic entitlement refers to the belief that one should 
succeed academically, regardless of how one performs. Kopp et al. (2011) found support for an 
eight-item one-factor scale of academic entitlement, from which scores correlated positively with 
work-avoidance and negatively with test-taking effort. Cronbach’s alpha for the current study 
was .78 for the fall 2012 cohort and .69 for the fall 2013 cohort. See the appendix for sample 
items. See Tables 2 and 3 for scale means, skew and kurtosis, and intercorrelations. 
Big Five personality. The Big Five Inventory measure (John & Srivastava, 1999) 
consisted of 44 items to which students responded to the prompt “I see myself as someone 
who…” followed by trait descriptor adjectives. Students responded to each of the trait 
descriptors on a 5-point scale (1 =disagree strongly to 5 = agree strongly). The five subscales 
included openness (e.g., “is original, comes up with new ideas” or “is curious about many 
different things”), extraversion (e.g., “is talkative” or “is full of energy”), neuroticism (e.g., “can 
be tense” or “is depressed, blue”), conscientiousness (e.g., “does a thorough job” or “does things 
efficiently”), and agreeableness (e.g., “has a forgiving nature” or “is helpful and unselfish with 
others”). Sixteen of the 44 items, several per subscale, required reverse scoring. After reverse 
scoring, high scores suggested high levels of the five personality characteristics. Estimates of 
internal consistency reliability for scores from the current study ranged from .78 to .89 for the 
fall 2012 cohort, and ranged from .75 to .89 for the fall 2013 cohort. See the appendix for sample 
items. See Tables 2 and 3 for scale means, skew and kurtosis, and intercorrelations. 
Outcome Measures 
 Civic-mindedness. Hatcher (2008)’s Civic-Mindedness Scale consists of five subscales. 
Voluntary Action pertains to an inclination to participate in volunteer work; Identity and Calling 
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assesses respondents’ passion for service; Citizenship addresses one’s awareness of various 
social and political issues; Social Trustee measures respondents’ sense of responsibility to serve; 
and Consensus Building involves one’s comfort in working with other people. Past studies (e.g., 
Foelber, Horst, & Erbacher, 2014) have suggested that the scale may actually be best represented 
by a bi-factor model consisting of the five subscales as well as a non-political bi-factor. 
However, because there is support for the five subscales and the five-subscale version is used 
regularly in practice at this university, the scale was administered and scored as five subscales. 
The original author reported high alpha values for the five subscales when administered to 
faculty, for whom the scale was originally developed: .93 for Voluntary Action, .83 for Identity 
and Calling, .85 for Citizenship, .86 for Social Trustee, and .74 for Consensus Building. 
Concurrent validity evidence also supported the validity of inferences made when using the 
scale. Internal consistency reliability estimates for the current study ranged from .72 (Consensus 
Building) to .90 (Identity and Calling) for the fall 2012 cohort and ranged from .70 (Consensus 
Building) to .86 (Identity and Calling) for the fall 2013 cohort (Tables 2 and 3). See the appendix 
for sample items. See Tables 2 and 3 for scale means, skew and kurtosis, and intercorrelations. 
Cumulative GPA. Students’ cumulative GPA from the spring 2014 semester (for the fall 
2012 cohort) and the spring 2015 semester (for the fall 2013 cohort) served as the GPA outcome 
variable.  
Data Screening  
Prior to creating propensity score matches, the data were plotted and visually screened 
using the ggplot2 (Wickham, 2009) package in R (R Core Team, 2014). The density distributions 
for each covariate were compared between the two groups (see Figures 1-8). Listwise deletion 
was conducted for two reasons. First, propensity scores can only be computed for cases with 
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complete data, and listwise deletion is one of three commonly-used approaches to dealing with 
missing values on the covariates (Stuart & Rubin, 2008). Second, much of the missing covariate 
and outcome data were missing completely at random, given that students were randomly 
assigned to assessment testing rooms, and completed only the tests assigned to their particular 
room. 
Propensity Score Matching  
 To conduct propensity score matching, we followed a series of steps and best practices as 
outlined by previous researchers (Austin, 2011; Caliendo & Kopeinig, 2005; Stuart, 2010; Stuart 
& Rubin, 2008). In order to conduct propensity score matching, a researcher must decide on the 
covariates related to self-selection (as discussed above), the methods for creating propensity 
scores, decide on matching distances and algorithms, and diagnose the quality of created matches 
(e.g., Caliendo & Kopeinig, 2008; Gu & Rosenbaum, 1993; Ho et al., 2007; Steiner, Shadish, 
Cook, & Clark, 2010; Stuart, 2010; Stuart & Rubin, 2008). Finally, once matched comparison 
groups (i.e., intervention and comparison groups) are created, the groups can be compared on the 
outcome of interest.  
One method of creating propensity score matches involves Nearest Neighbor (NN) with 
caliper adjustment. The NN with caliper adjustment is often implemented in propensity score 
matching to ensure a high quality of matches between participants and non-participants (Austin, 
2011; Caliendo & Kopeinig, 2005; Stuart, 2010; Stuart & Rubin, 2008). If one thinks of a 
propensity score as a “distance” measure, then employing a caliper ensures a close distance 
(similarity) between intervention and comparison group participants’ propensity scores. A 
caliper is a predetermined distance, typically in standard deviations, within which matches 
between intervention and comparison group propensity scores are considered acceptable. When 
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using a caliper, non-participants are only matched to a participant if their propensity score falls 
within the designated caliper distance (e.g., .2 sd); potential matches (both participants and non-
participants) are discarded if their scores fall outside the distance. Consequently, the size of the 
intervention and comparison group samples may be smaller than the original intervention sample 
size. However, the trade-off is that the groups may be more closely balanced to the comparison 
groups than they would have been without caliper adjustment. For the study described in this 
paper, we used nearest neighbor matching with a caliper distance of .2 sd. 
Once matches are made, the quality of the matches can be diagnosed. The distribution of 
propensity scores for both participants and non-participants are examined to ensure that the 
comparison group is qualitatively similar to the group of participants. Two common approaches 
to diagnosing the quality of matches include evaluating the balance numerically and visually 
(Caliendo & Kopeinig, 2005; Stuart, 2010). To evaluate the numeric balance of participants and 
non-participants, Stuart (2010) advised comparing the standardized difference of group 
propensity score means and evaluating the variance ratio of the propensity scores for each group. 
Researchers should also compare groups on the means of each individual covariate. Participants 
and non-participants should also not differ on any of the individual covariates to a degree greater 
than one-fourth of a standard deviation (Ho et al., 2007). Visual aids allow for further diagnosing 
of the quality of matches. Visual aids can be easily obtained using propensity score matching 
packages in R (R Core Team, 2014). The visuals allow researchers to further diagnose propensity 
score balance between participants versus non-participants. Three common visual aids include 
quantile-quantile (QQ) plots, jitter graphs, and histograms (Ho et al, 2007; Stuart, 2010). The 
inspection of visual balance simply involves the researcher examining the distribution of each 
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group’s propensity scores and individual covariate scores. Once the researcher determines that 
quality matches were created, the effects of the intervention can be estimated. 
Results 
All data processing and analyses were completed in R Version 3.2.1 (R Core Team, 
2014) and in IBM SPSS Statistics (Version 23).  
Diagnosing the Quality of Balance 
 Prior to comparing the participants and non-participants on the outcomes, the quality of 
matches was diagnosed both numerically and visually. Numeric diagnosing of the individual 
covariates indicated that the non-participants differed from the learning community group by 
0.25 standard deviations or greater on two of the individual covariates (see Table 4). The 
covariates on which the 2012-2013 cohort groups differed were academic entitlement (d = -.25) 
and conscientiousness (d = 0.29), with learning community students scoring lower on academic 
entitlement and higher on conscientiousness than their non-participant counterparts.  
 The quality of matches was also numerically diagnosed across the matched groups’ 
distributions of propensity scores. To diagnose the balance of propensity scores across the 
groups, the standardized mean difference and variance ratio between groups on their propensity 
scores were compared. Overall, high quality matches were created for both the 2012 and 2013 
cohorts (see Table 5). For both sets of matched groups, the standardized mean difference was 
zero and the variance ratio was one, indicating optimally-balanced matches were made.  
 Propensity score matches were further diagnosed visually using QQ-plots, jitter graphs, 
and histograms (Figures 9-11). The QQ-plots indicated that participants and non-participants had 
similar scores at each quantile of scores on each of the individual covariates (Figure 9). Overall, 
the jitter graphs also indicated a high quality of matches as the distribution of propensity scores 
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was similar across matched groups in both conditions (Figure 10). Finally, the histograms also 
indicated balance of propensity scores across matched comparison groups (Figure 11).  
Outcome Comparisons of Traditional Non-Matched Groups  
 Group comparisons were conducted via traditional methods (i.e., no propensity score 
matching) to examine differences between Arts learning community participants and non-
participants. This was accomplished using independent samples t-tests to compare learning 
community participants and non-participants on the six outcome variables (i.e., five civic-
mindedness subscales and GPA). Importantly, because the sample sizes of the learning 
community and the non-propensity score matched comparison group was discrepant, we 
emphasized evaluation of Cohen’s d over the significance tests. See Table 6 for t-test and 
Cohen’s d effect size results. Because numerous analyses were run, a strict alpha level of .01 was 
applied. Neither the 2012-2013 or 2013-2014 cohort of Arts learning community participants and 
non-participants differed on civic-mindedness or GPA. Moreover, the Arts learning community 
was compared to the general population of students (all majors, not only arts majors). There were 
no statistically or practically significant differences. 
Outcome Comparisons of Propensity Matched Samples 
 We examined differences in civic-mindedness and GPA between the propensity score 
matched conditions. See Table 6 for all t-test and Cohen’s d effect size results. For both the 
2012-2013 and the 2013-2014 cohorts, there were no statistically or practically significant 
differences between Arts learning community participants and non-participants on any of the 
outcomes.  
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Discussion 
 If higher education researchers and assessment practitioners want to make causal claims 
about the effectiveness of student learning associated with programs, it is crucial to consider the 
role of self-selection into those programs. The current study was an investigation of propensity 
score matching as a method of addressing self-selection into an Arts learning community. 
Specifically, the research question pertained to whether we would reach different conclusions or 
make different inferences regarding the outcomes (i.e., civic-mindedness & GPA) with and 
without creating a propensity score matched comparison group. None of the groups statistically 
or practically significantly differed on any of the civic-mindedness subscales or GPA.  
Although in the current study there were no differences between the learning community 
participants and the general student population, the two groups did differ significantly on the 
covariate of Openness (Arts community participants were higher; see Figure 4). Consequently, it 
appeared that Openness was related to self-selection into the learning community. Because 
researchers typically do not look at the outcomes until after creating propensity score matches, it 
was unknown whether the covariates would control for selection bias related to the outcomes. 
Nonetheless, it was important to control for Openness, as it varied systematically by group and 
appeared to be related to self-selection.  
By using propensity score matching techniques, we were able to control for possible 
confounding variables. Although we are never certain about the counterfactual, it is important to 
control for variables that could lead the researcher to draw incorrect conclusions. Even if groups 
appear similar prior to using propensity score matching, it is possible that groups may differ on 
outcomes once important covariates are accounted for. Although that was not the case in this 
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study, we employed best practices by accounting for variables we believed to be related to self-
selection.  
Limitations and Future Study 
However, there were several limitations to the current study. One important limitation is 
the lack of pre-scores on the civic-mindedness outcome measures. The measures were not 
administered to students in the current study in the fall semester of their first year at the 
university. Additionally, not all students had scores on the civic-mindedness outcome measures. 
Because students were randomly assigned to complete a subset of measures during the university 
testing day, a random subsample of students had scores on the outcomes. Ideally, the final 
comparisons of students would include only students with complete data on the outcomes and 
their respective matches. Although missing data in propensity score matching is often dealt with 
through listwise deletion, future studies may want to explore other missing data handling 
methods. Additionally, it is important to keep in mind that when covariates are selected, we are 
assuming that they are indeed related to both self-selection and the outcome. It is possible that 
the covariates selected in the current study were not appropriate. Future studies will want to 
consider other covariates and outcome measures. 
Conclusion 
The purpose of this study was to demonstrate the utility of propensity score matching in 
learning community research by applying propensity score methods to data from a sample of 
students – both participants and non-participants in the Arts learning community. Existing 
learning community assessment literature would benefit from studies applying methods that 
address issues related to quasi-experimental research designs, such as propensity score matching. 
Currently, learning community outcomes are studied either by comparing participants across 
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institutions (Wawrzynski & Jessup-Anger, 2010; Zhao & Kuh, 2004), or comparing participants 
and non-participants within an institution (Stewart, 2008). As demonstrated in this study, 
propensity score matching could be used to address both questions in a systematic and controlled 
way. The use of propensity score matching methods may provide additional evidence of the 
benefits of learning communities and allow institutions to make stronger statements regarding 
their efficacy – if differences are found.  
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Table 1       
Ethnicity Frequencies for All Students, Learning Community Students (LC), and Non-
Learning Community Students (NLC) 
 All Students Students with Outcome Variables 
 All LC NLC All LC NLC 
 2012-2013 Cohort 
American Indian 6 1 5 3 0 3 
Asian 14 5 9 4 1 3 
Black 27 11 16 19 9 10 
Hispanic 15 4 11 8 1 7 
Not Specified 10 3 7 8 2 6 
Pacific Islander 2 0 2 2 0 2 
White 360 84 276 215 59 156 
Total 406 103 303 242 70 172 
 2013-2014 Cohort 
American Indian 3 2 1 2 2 0 
Asian 12 7 5 8 4 4 
Black 20 10 10 13 9 4 
Hispanic 16 6 10 8 3 5 
Not Specified 10 4 6 3 1 2 
Pacific Islander 2 2 0 1 1 0 
White 291 102 189 128 42 86 
Total 331 124 207 151 56 95 
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Table 2 
Intercorrelations and Descriptive Statistics: 2012-2013 Cohort 
Covariates* 1 2 3 4 5 6 7 8 9 10 11 12 
1. Extraversion -            
2. Agreeableness 0.201 -           
3. Conscientiousness 0.122 0.304 -          
4. Neuroticism -0.247 -0.249 -0.212 -         
5. Openness 0.084 0.152 0.037 -0.113 -        
6. Academic   
Entitlement 
-0.013 -0.003 -0.186 0.085 -0.119 -       
Outcome Variables**             
7. Voluntary Action .243 .202 .174 -.056 .097 -.036 -      
8. Identity & Calling .198 .291 .150 .005 .085 -.068 .814 -     
9. Citizenship .005 .013 .066 .112 .102 -.075 .441 .371 -    
10. Social Trustee .220 .288 .118 -.012 .078 -.001 .735 .783 .384 -   
11. Consensus 
Building 
.108 .167 .186 -.099 .252 -.104 .467 .433 .357 .435 -  
12. GPA -.120 -.051 .159 .113 -.029 -.060 .018 .021 -.023 .020 .034 - 
Mean 27.74 36.11 32.72 23.39 39.34 20.50 30.00 25.95 17.70 25.97 28.56 3.22 
SD 7.20 5.56 5.51 6.42 6.08 6.67 6.46 5.74 4.91 5.38 3.98 0.40 
Skew -0.34 -0.74 -0.16 0.01 -0.87 0.53 -0.47 -0.38 -0.22 -0.66 -0.80 -0.15 
Kurtosis -0.52 0.44 -0.27 -0.67 0.66 0.11 0.18 -0.38 -0.20 0.61 1.42 -0.55 
Alpha .79 .89 .79 .78 .82 .78 .86 .90 .81 .86 .72 - 
*n = 406 
**Outcomes statistics include only students who had outcomes data; n = 242 
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Table 3 
Intercorrelations and Descriptive Statistics: 2013-2014 Cohort 
Covariates* 1 2 3 4 5 6 7 8 9. 10 11 12 
1. Extraversion -            
2. Agreeableness .125 -           
3. Conscientiousness .134 .223 -          
4. Neuroticism -.192 -.293 -.159 -         
5. Openness .134 .122 .083 -.011 -        
6. Academic 
Entitlement 
-.131 .019 -.149 .033 -.101 -       
Outcome Variables**             
7. Voluntary Action .100 .187 .179 .100 .181 -.095 -      
8. Identity & Calling .090 .223 .233 .123 .109 -.147 .771 -     
9. Citizenship .098 -.098 .079 .042 .129 -.141 .470 .351 -    
10. Social Trustee .018 .207 .187 .074 .052 -.172 .654 .751 .375 -   
11. Consensus 
Building 
.029 .131 -.073 .059 .243 -.083 .417 .345 .421 .373 -  
12. GPA -.095 .028 .148 .188 -.074 -.024 .007 .175 -.104 .213 .021 - 
Mean 27.08 35.74 31.87 24.34 39.91 19.73 30.09 26.45 18.19 26.34 28.99 3.15 
SD 7.29 5.25 5.69 6.63 5.15 6.87 5.52 5.10 4.60 4.71 3.63 0.39 
Skew -0.20 -0.47 -0.06 -0.04 -0.56 0.48 -0.04 -0.59 -0.16 -0.38 -0.66 -0.19 
Kurtosis -0.85 -0.29 -0.53 -0.43 0.06 -0.19 -0.67 0.15 -0.22 -0.27 0.14 -0.36 
Alpha .82 .89 .75 .80 .85 .69 .82 .86 .78 .80 .70 - 
*n = 331 
**Outcomes statistics include only students who had outcomes data; n = 151 
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Table 4 
Numeric Diagnosing of Mean (Standard Deviations) and Standardized Mean Differences (d) Between Participants (LC) and Non-
Participants (NLC) on Individual Covariates 
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Table 5 
Numeric Diagnosing of Matches on the Distribution of Propensity Scores 
  Propensity Score Mean d Variance Ratio 
Fall 2012 LC NLC   
Arts Majors 0.266 0.266 0.00 1 
      
  Propensity Score Mean d Variance Ratio 
Fall 2013 LC NLC   
Arts Majors 0.376 0.376 0.00 1 
Note: The standardized mean difference between participants and non-participants was 
created by subtracting the mean of the comparison group (NLC) from the mean of the 
Arts learning community group (LC) before standardizing. The variance ratio is the ratio  
of the variance between participants and non-participants.  
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Table 6 
t-test Results for Non-Matched and Matched Participants vs. Non-Participants 
   2012-2013 Cohort   2013-2014 Cohort 
   Mean(SD) n t df p d  Mean(SD) n t df p d 
Voluntary 
Action 
Non-
Matched 
Participant 28.81 (7.03) 68 
-1.83 237 .07 .26 
 30.65 (5.26) 55 
.77 146 .44 .13 
Non-participant 30.50 (6.18) 171  29.94 (5.58) 93 
Matched 
Participant 29.27 (6.91) 56 
-.30 101 .76 .06 
 31 (5.35) 40 
.75 78 .46 .17 
Non-participant 29.66 (6.01) 47  30.13 (5.09) 40 
Identity & 
Calling 
Non-
Matched 
Participant 25.37 (6.06) 68 
-.96 237 .34 .14 
 27.02 (4.58) 55 
.85 146 .40 .14 
Non-participant 26.16 (5.65) 171  26.31 (5.1) 93 
Matched 
Participant 25.27 (6.18) 56 
-.10 101 .92 .02 
 27.58 (4.36) 40 
.75 78 .45 .17 
Non-participant 25.38 (4.83) 47  26.78 (5.1) 40 
Citizenship 
Non-
Matched 
Participant 16.99 (4.7) 68 
-1.47 237 .14 .21 
 18.07 (4.64) 55 
-.51 146 .61 .09 
Non-participant 18.02 (4.97) 171  18.46 (4.43) 93 
Matched 
Participant 17.04 (4.47) 56 
-1.37 101 .18 .27 
 18.13 (4.68) 40 
.05 78 .96 .01 
Non-participant 18.28 (4.73) 47  18.08 (4.42) 40 
Social 
Trustee 
Non-
Matched 
Participant 25.65 (5.86) 68 
-.63 237 .53 .09 
 26.64 (4.34) 55 
.38 146 .70 .06 
Non-participant 26.13 (5.17) 171  26.33 (4.85) 93 
Matched 
Participant 25.34 (5.88) 56 
.17 101 .87 .03 
 26.7 (4.58) 40 
.51 78 .61 .12 
Non-participant 25.15 (5.36) 47  26.15 (4.97) 40 
Consensus 
Building 
Non-
Matched 
Participant 28.38 (4.08) 68 
-.49 237 .63 .07 
 28.71 (3.61) 55 
-.80 146 .42 .14 
Non-participant 28.66 (3.96) 171  29.2 (3.65) 93 
Matched 
Participant 28.27 (4.02) 56 
.36 101 .72 .07 
 28.88 (3.65) 40 
-1.07 78 .29 .24 
Non-participant 27.98 (4.08) 47  29.73 (3.49) 40 
GPA 
Non-
Matched 
Participant 3.21 (0.4) 68 
-.17 237 .87 .02 
 3.15 (0.38) 55 
-.15 146 .88 .03 
Non-participant 3.22 (0.39) 171  3.16 (0.4) 93 
Matched 
Participant 3.24 (0.39) 56 
1.20 101 .23 .24 
 3.19 (0.33) 40 
-.15 71.42 .88 .03 
Non-participant 3.15 (0.34) 47  3.2 (0.45) 40 
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Figure 1. Density plots of academic entitlement scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort 
(right). Arts learning community is coded 1; comparison group is coded 0.   
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Figure 2. Density plots of conscientiousness scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort 
(right). Arts learning community is coded 1; comparison group is coded 0.   
 
PROPENSITY SCORE MATCHING  34 
 
      
Figure 3. Density plots of agreeableness scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort (right). 
Arts learning community is coded 1; comparison group is coded 0.   
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Figure 4. Density plots of openness scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort (right). Arts 
learning community is coded 1; comparison group is coded 0.   
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Figure 5. Density plots of extraversion scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort (right). 
Arts learning community is coded 1; comparison group is coded 0.   
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Figure 6. Density plots of neuroticism scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort (right). 
Arts learning community is coded 1; comparison group is coded 0.   
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Figure 7. Density plots of SAT Math scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort (right). Arts 
learning community is coded 1; comparison group is coded 0.   
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Figure 8. Density plots of SAT Verbal scores by treatment group for the 2012-2013 cohort (left) and the 2013-2014 cohort (right). 
Arts learning community is coded 1; comparison group is coded 0.   
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Figure 9. Example of quantile-quantile plots (QQ plots) produced by the MatchIt Package (Ho et al., 2011) used for visual diagnosing 
after matching the 2012-2013 cohort. Note that the QQ plots for academic entitlement (y19) and conscientiousness (y22) become less 
balanced after matching.  
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Figure 10. Jitter graphs created by the MatchIt Package in R display the distribution of propensity scores for the matched and 
unmatched samples for the 2012-2013 cohort (left) and the 2013-2014 cohort (right).  
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Figure 11. Histograms created by the MatchIt Package in R indicate the distribution of propensity scores for both raw and matched 
samples for the 2012-2013 cohort (left) and the 2013-2014 cohort (right).  
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Appendix 
Description of Measures Completed by Students 
Subtest Subscales Sample Item Scale Range 
Academic Entitlement 
Questionnaire (8 items) 
  
“If I don’t do well on a test, the professor 
should make tests easier or curve grades.” 
1 (strongly disagree) to 
8 (strongly agree) 
Big Five Inventory 
  
Extraversion (8 items) “I see myself as someone who is talkative.” 
1 (disagree strongly) to 
5(agree strongly) 
Agreeableness (9 items) 
“I see myself as someone who is helpful and 
unselfish with others.” 
Conscientiousness (9 items) 
“I see myself as someone who does a 
thorough job.” 
Neuroticism (8 items) 
“I see myself as someone who is depressed, 
blue.” 
Openness (10 items) 
“I see myself as someone who is original, 
comes up with new ideas.” 
Civic-Mindedness Scale 
Voluntary Action (6 items) 
“I am very willing to volunteer my time to 
participate in community service.” 
1 (strongly disagree) to 7 
(strongly agree) 
Identity and Calling (5 items) 
“I am very passionate about my community-
related activities. “ 
Citizenship (4 items) 
“I would describe myself as a politically 
active citizen.” 
Social Trustee (5 items) 
“My level of education places an additional 
responsibility upon me to serve others.” 
Consensus Building (5 items) 
“I listen to conflicting opinions before 
reaching decisions.” 
  
  
